Abstract. This paper deals with impulse noise removal from color images. The proposed noise removal algorithm employs a novel approach with morphological filtering for color image denoising; that is, detection of corrupted pixels and removal of the detected noise by means of morphological filtering. With the help of computer simulation we show that the proposed algorithm can effectively remove impulse noise. The performance of the proposed algorithm is compared in terms of image restoration metrics and processing speed with that of common successful algorithms.
INTRODUCTION
Color image processing has received much attention in the last years [1] . Digital image processing algorithms are generally sensitive to noise. A color image is treated as a mapping Z 2 → Z 3 that assigns to a point x = (i, j) on the image plane a three-dimensional vector (x r , x g , x b ), where the superscripts correspond to the red, green, and blue color image channels. In this way, a color image is considered as a two-dimensional vector field, and each vector has three color components.
The most popular algorithms for removal of impulsive noise in color images utilize the ordering of pixels belonging to a local window W [2] , and assign a dissimilarity measure to each color pixel from the window. Several switching techniques are proposed [3, 4] to adapt parameters of filters to the processed image. A switching algorithm verifies the following hypothesis: is the central pixel of window W affected by noise? If the central pixel is corrupted by noise then it is replaced by the output of a local robust filter; otherwise, it is left unchanged (see Fig. 1 ). One of efficient switching schemes is referred to as the sigma vector median filter (SVMF) [4] .
The performance of a switching filtering depends mainly on the impulse noise detection. If the detector fails to identify corrupted pixels, the performance of the algorithm yields errors of missed impulse noise. On the other hand, if the detector wrongly identifies uncorrupted pixels as noisy, the performance of the algorithm Fig. 1 . Switching filtering scheme.
yields false impulse noise errors. In the both cases the overall performance of image restoration is poor. The performance of switching filtering algorithms can be compared with various image restoration measures [3, 4] . In this paper, type I and type II errors are used to characterize the performance of tested algorithms. A type I error occurs when the algorithm asserts something that is absent, a false hit. A type I error is called false positive (FP). A type II error occurs when the algorithm fails to assert what is present, a miss. A type II error is called false negative (FN).
Mathematical morphology describes the shape and structure of certain objects, and is used to extract the useful components in the image. It is utilized for image filtering, image segmentation, image measurement, area filling and so on [5, 6] . In the image denoising aspect, we can get fairly good effect by applying the gray morphology, having the characteristics of nonlinearity and parallelism [7, 8] .
In this paper a novel approach to color image denoising by morphological filtering is proposed. With the help of computer simulation we show that the proposed algorithm can effectively remove impulse noise. The performance of the proposed algorithm is compared in terms of image restoration metrics with that of common successful algorithms [9] .
The paper is organized as follows. In Section 2, we describe the proposed switching algorithm by morphological filtering. Section 3 describes impulsive noise models. Computer simulation results are provided in Section 4. Finally, Section 5 summarizes our conclusions.
Proposed algorithm
A common impulse noise removal algorithm is based on the reduced vector ordering, which assigns a dissimilarity measure to each color pixel x i from the local window W = {x 1 , x 2 , . . . , x n } of the size n = 9. Let ρ(x i , x j ) be the distance between two vectors x i , x j , then the inner product is defined as
The meaning of the product is the distance associated with the central pixel x i inside the filtering window W . The ordering of the distances as
, implies the same ordering to the corresponding vectors
The original value of the central pixel x 1 in the window W is being replaced by x (1) which means that
This concept of replacing is a common way to define the mean scale in vector spaces. It is called the Vector Median Filter (VMF) [12] . Most commonly the L 2 metric is used for the design of the VMF
Rank weighted vector median filter
The reduced ordering schemes are based on the sum of the dissimilarity measures between a given pixel and all other pixels from the filtering window W [3] . In this way, the output of the VMF is the pixel whose average distance to other pixels is minimized.
The distances d ij = x i − x j between the pixel x i and all other pixels x j belonging to W, (j = 1, . . . , n) can be ordered as
, and the ranks of the ordered distances can be used for building the cumulated distances in Eq. (1) .
Let r denote the rank of a given distance, and d i(r) stand for the corresponding distance value. So, instead of the aggregated distances in Eq. (1) we can build a weighted sum of distances, utilizing the distance ranks as
where f (r) is a decreasing weighting function of the distance rank r, like f (r) = 1, f (r) = 1/r and f (r) = 1/r 2 . The f (r) = 1/r weights for the design of the adaptive switching filter is recommended in [3] .
Then, the rank weighted sum of distances calculated for each pixel belonging to W can be sorted and a new sequence of vectors can be obtained
, where the vector x * (1) is the output of the rank weighted vector median filter (RWVMF) [3] .
Similarly to Eq. (2) the RWVMF output x *
(1) an be defined as
The structure of the switching filter is defined [3] as follows. If the difference ∆ 1 − ∆ (1) exceeds a threshold value α, then a pixel is declared as corrupted by a impulsive noise; otherwise, it is treated as uncorrupted
where y 1 is the switching filter output, x 1 is the central pixel of the filtering window W and x AMF is the Arithmetic Mean Filter (AMF) output computed over the pixels declared by the detector as uncorrupted. Extensive experiments revealed that very good denoising results can be achieved using the following switching filter:
where x V MF is the standard VMF output computed for all the pixels in the filtering window W . Detection noise method DetectionMethod1 for pixel x 1 of the filtering window W in RWVMF in Eq. (3) can be defined as follows:
where 1 means the successful detection of noise and 0 means no noise detected. We propose the following modification of the noise detection given in Eq. (4). This detection noise method DetectionMethod2 for pixel x 1 of the filtering window W in RWVMF can be defined as follows:
The detection method DetectionMethod1 and DetectionMethod2 use the predefined parameter α.
Fast peer group filter
Recently, a peer group filter has been proposed [10, 11] . The peer group associated with the central pixel of the window denotes a set of such pixels whose distance to the central pixel does not exceed a predefined threshold. The Fast Peer Group Filter (FPGF) replaces the center of the filtering window with the VMF output when a specified number of the smallest distances between the central pixel and its neighbors differ not more than a predefined threshold.
Let vector components x i ∈ [0, 1] represent the color channel values in a given color space quantified into the integer domain. In the first step, the size of the peer group, or in other words, the number of close neighbors of the central pixel of the filtering window x 1 is determined. A pixel x i = x 1 belonging to W is a close neighbor of x 1 , if the normalized Euclidean distance d(x i , x 1 ) in a given color space is less than a predefined threshold valued d ∈ [0, 1].
In the RGB color space, the peer group size denoted as m k is the number of pixels from W contained in a sphere with radius d centered at pixel x k m k = #{x j ∈ W : x j − x k < d}, where # denotes the cardinality and · stands for the Euclidean norm.
If the peer group size of the central pixel x 1 of the filtering window W is m 1 ≤ 2, then this pixel is treated as an outlier. The structure of the switching filter can be defined as follows:
where x V MF is standard VMF output computed for all the pixels of window W , and k is a parameter that determines the minimal size of the peer group. Detection noise method DetectionMethod3 for the pixel x 1 of the window W in Eq. (5) can be defined as follows:
The detection method DetectionMethod3 has parameter d and k.
We propose a modification of the detection noise method DetectionMethod3 in Eq. (6) . The proposed method DetectionMethod4 utilizes iteratively the detection noise method DetectionMethod3. At first step DetectionMethod3 is used with parameters d = 0.25 and k = 3. This step corresponds to a preliminary detection of noise. Then, the DetectionMethod3 is iteratively used with modified parameters d and k. Experiments showed that good denoising results can be achieved using the proposed detection method.
Morphological filter
Morphological processing is constructed with operations on sets of pixels. Binary morphology uses only set membership and is indifferent to the value, such as gray level or color, of a pixel. We will deal here only with morphological operations for binary images. Therefore we use a threshold operation BW(A, level) to convert the grayscale image A to a binary image. The output image replaces all pixels in the input image with than the threshold level by 1 (white) and replaces all other pixels with 0 (black).
The operation intersection A ∩ B produces a set that contains the elements in both A and B. The operation union A ∪ B produces a set that contains the elements of both A and B. The complement A c is the set of elements that are not contained in A. The difference of two sets A and B, denoted by A − B is A ∩ B c . A standard morphological operation is the reflection of all of the points in a set A about the origin of the set A.
Dilation and erosion are basic morphological processing operations. Let A be a set of pixels and let B be a structuring element. Let ( B) s be the reflection of B about its origin and followed by a shift by s. Dilation operation is the set of all shifts that satisfy the following: A ⊕ B = {s|(( B) s ∩ A) ⊆ A}. Erosion operation is the set of all shifts that satisfy the following:
Closing operation is a dilation followed by an erosion:
Opening operation is an erosion followed by a dilation:
Morphological "bottom hat" operation is an image minus the morphological closing of an image:
Morphological "remove" operation is a removing interior pixels of an image A, written as remove(A). This operation sets a pixel to 0 if all its 4-connected neighbors are 1, thus leaving only the boundary pixels on.
Let a color image X be three-dimensional vector (x r , x g , x b ) each channel is processed individually. We propose the following DetectionMethod5(X) method of the noise detection for color image X with a morphological filter. The output of this method is
where B is the standard structuring element, set1(A,mset) is subtraction of all the pixels A value mset, set2(A,pset) is subtraction of the values pset of all the pixels A, set3(A,mset) is addition of all the pixels A value mset, rgb2gray is conversion of the color image X to the grayscale intensity image. The detection method DetectionMethod5 uses the parameters: pset, mset, level.
Model of impulse noise
Color images may be contaminated by various types of impulse noise [12, 13, 14, 3] . Impulse noise corruption often occurs in digital image acquisition or transmission process as a result of photo-electronic sensor faults or channel bit errors. Image transmission noise may be caused by various sources, such as car ignition systems, industrial machines in the vicinity of the receiver, switching transients in power lines, lightning in the atmosphere and various unprotected switches. This type of transmission noise is often modeled as impulse noise. Let us consider models of impulse noise used for computer simulation. Let X i be the vector characterizing a pixel of a noisy image, q be the vector describing one of the noise models, x i be the noise-free color vector, p be the probability of impulse noise occurrence. Each tested image can be corrupted with different probabilities, that is, p ∈ {0.1, 0.2, 0.3}. Depending on the type of vector q, either fixed-valued or random-valued impulse noise models are considered.
Assume that channels are corrupted independently (CI). So, we use the following models of impulse noise:
where q 1 , q 2 , q 3 are spatially uniform distributed independent random variables with the probability of p. 
The corrupted pixels can be defined in different manner as CT1, CT2, CT3.
Computer Simulation
The performance of the detection methods DetectionMethod (1-5 DetectionMethod5 detects noise very well comparing with other detection techniques. The algorithm of the removal of impulsive noise by a switching filter can be defined as follows:
where x V MF is the standard VMF output computed for all the pixels of the window W . We use the mean square error (MSE) and the peak signal to noise ratio (PSNR) as measures of restoration quality. They are defined as In order to provide comparison of noise removal techniques taking into account subjective human evaluation, we use FSIMc [15] , SR-SIM [16] and IFS [17] quality metrics which are suitable for inspection of color images. The results of impulsive noise removal presented in Tables 2 and 3 show that proposed method DetectionMethod5 with morphological filtering achieves the best performance with respect to the all considered quality color image metrics. The result of denoising based on the proposed detection method DetectionMethod5 presented in Fig. 2, and 3 . We see that the proposed method with morphological filtering yields good results in terms of objective and subjective criteria.
Next we provide execution time of denoising algorithms with switching filter based on DetectionMethod5 with type of noise CI1-3, CT1-3, p = 0.1, 0.2, 0.3. 20 experiments were carried out and the results are averaged. Table 4 show that the proposed algorithm with morphological filtering yields the best results in terms of execution time. 
Conclusion
In the paper, new noise detection techniques for switching filtering of impulse noise with morphological filtering were proposed. Computer simulation performed on test images contaminated by six noise models revealed a very high efficiency of the proposed method. The performance of the proposed algorithm was evaluated in terms of objective and subjective criteria of image restoration. With the help of computer simulation we showed that the proposed algorithm with morphological filtering can effectively remove impulse noise. Moreover the proposed algorithm is the faster among all tested algorithms.
